Dynamic traffic assignment models have been attracting increasing attention with the progress of traffic management policies based on information technology. These dynamic estimation tools, however, just apply static route choice models either at only origin node or at every arrival node. This paper aims at providing some knowledge on drivers' dynamic route choice behavior using probe-vehicle data. The results of analyses show that route choice behavior relates to the distance from driver's position to the destination and that dynamic route choice behavior is modeled better by considering decision process during the trip.
INTRODUCTION
Traffic control/operation systems based on information technology such as advanced traveller information systems (ATIS) have been attracting increasing attention. In response, traffic evaluation tools are being made the transition from static assignment models such as stochastic user equilibrium assignment (SUE) models to dynamic traffic assignment models such as micro traffic simulators. That is, stochastic user equilibrium assignment models describe "static" traffic condition defined as fixed equilibrium point, and micro traffic simulators can describe the transition of traffic condition along time axes. However, it has to be given particular attention to the fact that these dynamic estimation tools are carried out by applying a static route choice model sequentially. That is, dynamic assignment models just apply static route choice models only at the origin and/or at every arrival node. Moreover, drivers' decision timings are given exogenously by analysts through the identification of model algorithms.
When a route choice model is estimated, the same model parameters are usually identified in all O-D pairs. Therefore, the estimated route choice models do not consider the difference of spatial characteristics among O-D pairs. Moreover, such route choice models are based on the assumption that driver does not make route choice decision during the trip. Authors, however, demonstrated that driver's decision-making is brought about by traffic conditions and their experiences . Therefore, the route which driver has cruised finally should be treated as the result from sequential route choice behavior.
In this paper, we analyze the driver's dynamic route choice behavior using probe-vehicle data, and aim at providing some fundamental knowledge on modeling dynamic behavior. The following section explains the outline of probe-vehicle data and discusses the usage of probe-vehicle data for estimating route choice models. Third section analyzes the changes of route choice behavior relating to the distance from origin to destination, and investigates the model structure which expresses the change of the behavior. Fourth section investigates the route choice behaviors during the trips. In the fifth section, the dynamic route choice model with explicit decision timing is developed and applied to the probe-vehicle data experimentally. The final section presents some concluding comments and discusses future directions.
DATA

Probe-vehicle data
The probe-vehicle data used in this study was collected as part of the Nagoya Probe Taxi Project (2002 Project ( .1 -3, 2002 Project ( .10 -2003 3) established by the Internet ITS Consortium. Field experiments using more than 1,500 taxis were conducted in cooperation with 32 member companies of the Nagoya Taxi Association.
This probe-vehicle data were collected and transmitted to the operation centre whenever one of several pre-defined events occurred. Table 1 describes these events and the frequency of their occurrence. The "Distance," "Short stop" and "Short trip" events comprised about 30-35% of the total events. Since taxis are used as probe-vehicles, each in-service taxi trip, that is, from the time a passenger enters the taxi to the time the passenger exits the taxi, can be treated as a trip. This study uses only in-service taxi data.
Since taxis are more time-sensitive while carrying passengers, this data is more appropriate for analyzing route choice behaviors.
Generally, vehicular trajectory which probe-vehicle provides is a series of location points with coordinates. Therefore, probe-vehicles' cruising routes have to be identified on digital road map. This process is called "map-matching". The cruising route of probe-vehicle data used in this study was identified using map-matching system developed by Nagoya University (Miwa et al., 2004 Table 2 shows the outline of the trip data of each O-D pair.
<Figure 2> Analysis origin points and destination point Many researchers developed and analyzed several route choice models that can allow the correlation between alternative routes, i.e. Nested logit model (MacFadden, 1978) , Paired Combinatorial Logit model (Chu, 1989; Koppelman and Wen, 2000) , Cross-nested logit model (Vovsha, 1997; Vovsha and Bekhor, 1998) , C-Logit model (Cascetta et al., 1996) and so on. On the other hand, Dial proposed a very efficient stochastic multipath loading procedure for a MNL logit route choice model (Dial, 1971) . Therefore, MNL model is widely applied in traffic assignment problems and it is thought that the knowledge acquired from the analysis based on MNL model is useful enough.
Travel times of each route consider traffic condition at departure time and transition of traffic conditions after departure at every two hours interval. That is, travel time is estimated based on LCTs which was composed of the link travel time at two hours interval. The reason of this travel time setting comes from the fact that estimation results of route choice models based on six types of LCTs (with four peak -offpeak, two hours, one hour, thirty minutes, fifty minutes and five minutes) do not have clear tendency. The former can be explained in Figure 3 which depicts two scenarios in which a driver would choose between two routes. In Case A, route 1 and 2 have 10 and 5 minutes as travel times, respectively. On the other hand, in Case B, route 1 and 2 have 60 and 55 minutes. In both cases, the travel times differ by 5 minutes between two routes. In MNL model, the probability of choosing a route is determined by the difference of utilities. In the conventional framework which applies the same parameter in all O-D pairs, the probability of choosing shorter route is the same in both cases. That is, when only travel time is applied as an explanatory variable and a scale parameter is 1, the probability of choosing shorter route is 0.993 in both cases. Even if almost all drivers choose the shorter route in Case A, however, so many drivers may not choose the shorter route in the case B. This is a phenomenon derived from applying the The latter can be explained as follows. As the distance of O-D pair becomes long, the observed routes increase and the set of them may become to differ from the choice set which a driver recognizes. Suppose the case in which a driver does not recognize very short route as available route. In this case, since only explanatory variables can not express such behavior, it will be expressed by an error term. Therefore, the longer distance of O-D pair becomes, the larger the variance of error term becomes. If a scale parameter rs μ is structured by the distance of O-D pair, it can be solved as Equation (2), and if it is structured by the number of available routes (observed routes), it can be solved as Equation (3). Table 3 ), the goodness-of-fit of these two models are improved greatly.
Further, these two models fit better than the model with logarithm shown in Table 4 . Therefore, these results indicate that it becomes possible to express the change of drivers' cognition and mis-specification The value of α is very close to -1 (that is, null hypothesis that parameter estimate for α equals to -1 cannot be rejected with 5% significant level). If α equals to -1, Equation (2) 
Analysis on route choice behavior during the trip
In dynamic assignment models, the same route choice model as model applied at the origin is repeatedly applied at every arrival node. However, the route choice behavior during the trip may not be necessarily expressed by the same model applied at the origin. In this section, we try to model the route choice behavior during the trips. Figure 5 shows the main intersections which are passed by trips of O-D No.1 shown in Figure 2 and Table 7 shows the number of trips and observed routes. The MNL model is applied to these trip data at the target intersections. Travel times of each route consider traffic conditions at departure time and transition of traffic conditions at every two hours interval as with above analyses. The estimation results are shown in Table 8 . In this table, passing intersections No.5 and 6 are estimation results from pooled trip data and No.6 also shows the estimated scale parameters at each passing intersection. Since the distance of O-D pair which set the scale parameter as 1 in Table 4 is about 2km, the scale parameter of passing intersection No.4 (the distance to the destination is 1.9 km) is set as 1. Note that the same trip may be used for the pooled data at two or more passing intersections. It is assumed that driver makes route choice decisions not only at the origin but also at every intersections and that sequential decision-makings during the trip are independent respectively. These assumptions are the same as those on the application of a route choice model in dynamic traffic assignment. Therefore, this analysis provides the verification of validity of the conventional application.
The result of passing intersection No.6 shows that the estimated scale parameters are increasing monotonically by the reduction of the distance to the destination. In the Figure 6 , these scale parameters are plotted with scale parameters estimated at the origin and a structured scale parameter. This figure shows that the change of the scale parameter during the trip is similar to that at the origin. Therefore, route choice behavior during the trip can be expressed by the model with a scale parameter structured by the distance to the destination. However, the goodness-of-fit of all models shown in Table 8 Table 3 , the goodness-offit of former is quite lower than that of latter. This reason is that all drivers do not necessarily make a route choice decision at the passing intersection. That is, it means that the routes which drivers cruise are not necessarily optimal at the target passing intersections. Additionally, the parameter of travel time in each passing intersection is scattering. The reason is that there is scarcely any difference between travel times of each route at the passing intersection. That is, these results indicate that even taxi drivers who have abundant driving experiences have the similar tendency. 
Dynamic route choice model with explicit decision timing
As shown in the above section, drivers do not necessarily repeat decision-making at every arrival node. If a route choice model is applied when driver does not make route choice decision in fact, the route choice behavior will be recreated with higher capability than reality. In this section, we develop the dynamic route choice model with explicit decision timing and apply it to the several main routes in CBD of Nagoya experimentally. Thereby, we aim at acquiring the new knowledge on modeling of dynamic route choice behavior. <Figure 7> Decision-nodes and available routes in simple network A simple network is shown in Figure 7 . If relapsing routes are not included in the choice set, there are six routes between origin and destination. Further, it is assumed that decision-making during a trip is generated only at the intersections at which the available routes branch or cross. Here, an intersection at which decision-making could be generated is called a "decision-node", and there are four decision-nodes in this simple network. When N decision-nodes exist on a certain route, they are called n-th decisionnodes (n = 1, …, N) in order from the origin. If drivers' decision timing can be explained by surrounding traffic condition and/or drivers experiences after departure, the probability of generating it is expressed as If the route which a driver finally ran is Route 2, the probability of choosing the route is expressed as
where n k p is the probability of choosing route k at n-th decision-node and ( ) n q − 1 means the probability of not generating the decision-making at n-th decision-node.
Note that, although Route 4 overlaps with the Route 2 at 3rd decision-node, it is not included in above equation. Since the Route 4 overlaps with the Route 2 from 3rd decision-node to destination completely, it is not necessary to distinguish them. The first term expresses joint probability of choosing the Route 1 at 1st decision-node, choosing the Route 2 at 2nd decision-node and not generating a decision at 3rd decision-node. That is, since analysts can not know which route was chosen at each decision-node, the probability of choosing a route is expressed by latent-class structure in consideration of all cases at all decision-nodes.
For more general formulation, we can rewrite Eq. (7) to Eq. (8).
( ) In order to apply the above model to a large size network, Equation (8) can be carried out by calculating the sum total of partial probability of choosing the route 1 , + n n k from the N-th decision-node to the 1st decision-node. In order to acquire fundamental knowledge, developed model is applied to a simple network composed of main three routes in Nagoya CBD area (Figure 8 ). We treat the trips which passed through both two points ( In order to compare with the developed model, the conventional models are also applied. They are "static model" and "dynamic model". The former assumes that a driver makes route choice decision only at the origin, which is expressed as usual MNL model. The latter assumes that a driver makes decision at every arrival node, which is expressed as follows.
( )
In this analysis, travel times of each route consider traffic conditions only at departure time with peak offpeak time periods (morning peak: 7:00-9:00, day-time off-peak: 9:00-17:00, evening peak: 17:00-19:00, *1 (Arrival time at n'th decision-node) -(Expected arrival time which is predicted at previous decision) *2 The number of stops that driver experienced in the last 0.5km *3 Maximum running speed that driver experienced in the last 1.0km
Estimation results shown in Table 10 indicate that drivers do not tend to make route choice decision frequently in such a small network because the goodness-of-fit of the static model is higher than that of dynamic model. Goodness-of-fit of developed model shown in Table 11 is, however, much higher than those of conventional models. Therefore, taking into consideration the decision-making process makes it possible to model route choice realistically.
The parameters of decision timing model indicate that driver tends to make route choice decisions when he experienced larger prediction error and many stops. Also they indicate that driver tends not to make decision when he experienced higher running speed and is locateed near the destination. However, the parameter of the number of turns in the route choice model at the origin is positive. A reasonable explanation is that trips treated in this analysis do not necessarily start from target points and end at target points. That is, it may be thought that drivers do not make route choice decision at target points. Further, the value of parameter of travel time and its t-statistic in route choice model during trip are lower than those at the origin. It does not correspond to the results in preceding sections which showed that value of parameter becomes large as driver approaches the destination. One reasonable explanation is that the importance of travel time information becomes lower as driver approaches the destination. That is, if applied travel time of each route is close to driver's perception, this result shows that drivers do not make much account of travel time during the trips. Other and more reasonable explanation is that since applied travel time differs from driver's perception, the explanation power of travel time is low.
Conclusion and future researches
This paper analyzes driver's route choice behavior using probe-vehicle data and provides fundamental knowledge on it. The results show that driver's behavior changes relating to the distance to the destination and such dynamic behavior can be modeled better by the structured scale parameter. The results also show that even taxi drivers who have abundant driving experiences have inertia property.
Moreover, application result of dynamic model which is developed to analyze driver's decision-making process shows that the generation of route choice decision is explained by the driver's experiences after departure and that considering decision timing makes it possible to model route choice behavior with high accuracy.
Although scale parameter is structured by the trip distance in this study, Gliebe et al (1999) try to structure it by the travel time of route. It is thought that structuring by route travel time can consider the change of traffic condition on the same O-D pair and route. Such a more general technique for expressing the change of behavior is one of the important future researches. Moreover, the decision-making model should consider the change of behavior as well as route choice model. Finally, although MNL model is applied to all cases in this study, many researchers suggest that correlation among routes should be considered (Cascetta, 1996; Vovsha and Bekhor, 1998; Koppelman and Wen, 2000) . In particular, Srinivasan and Mahmassani (2003) considered the correlation among sequential route switching behavior by dynamic kernel logit model. Therefore, in our future researches, several adaptive models should be applied to probe-vehicle data.
